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Biotic Regulation of CO2 Uptake–Climate Responses: Links to
Vegetation Properties
Abstract
Identifying the plant traits and patterns of trait distribution in communities that are responsible for biotic
regulation of CO2 uptake–climate responses remains a priority for modeling terrestrial C dynamics. We used
remotely sensed estimates of gross primary productivity (GPP) from plots planted to different combinations
of perennial grassland species in order to determine links between traits and GPP–climate relationships.
Climatic variables explained about 50% of the variance in temporal trends in GPP despite large variation in
CO2 uptake among seasons, years, and plots of differing composition. GPP was highly correlated with
contemporary changes in net radiation (Rn) and precipitation deficit (potential evapotranspiration minus
precipitation) but was negatively correlated with precipitation summed over 210 days prior to flux
measurements. Plots differed in GPP–Rn and GPP–water (deficit, precipitation) relationships. Accounting for
differences in GPP–climate relationships explained an additional 11% of variance in GPP. Plot differences in
GPP–Rn and GPP–precipitation slopes were linked to differences in community-level light-use efficiency
(GEE*). Plot differences in GPP–deficit slopes were linked to differences in a species abundance-weighted
index of specific leaf area (SLA). GEE* and weighted SLA represent vegetation properties that may regulate
how CO2 uptake responds to climatic variation in grasslands.
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ABSTRACT
Identifying the plant traits and patterns of trait
distribution in communities that are responsible for
biotic regulation of CO2 uptake–climate responses
remains a priority for modeling terrestrial C
dynamics. We used remotely sensed estimates of
gross primary productivity (GPP) from plots planted
to different combinations of perennial grassland
species in order to determine links between traits
and GPP–climate relationships. Climatic variables
explained about 50% of the variance in temporal
trends in GPP despite large variation in CO2 uptake
among seasons, years, and plots of differing com-
position. GPP was highly correlated with contem-
porary changes in net radiation (Rn) and
precipitation deficit (potential evapotranspiration
minus precipitation) but was negatively correlated
with precipitation summed over 210 days prior to
flux measurements. Plots differed in GPP–Rn and
GPP–water (deficit, precipitation) relationships.
Accounting for differences in GPP–climate rela-
tionships explained an additional 11% of variance
in GPP. Plot differences in GPP–Rn and GPP–pre-
cipitation slopes were linked to differences in
community-level light-use efficiency (GEE*). Plot
differences in GPP–deficit slopes were linked to
differences in a species abundance-weighted index
of specific leaf area (SLA). GEE* and weighted SLA
represent vegetation properties that may regulate
how CO2 uptake responds to climatic variation in
grasslands.
Key words: exotic plant species; grassland; gross
primary productivity; net radiation; normalized
difference vegetation index; plant traits; precipita-
tion; specific leaf area.
INTRODUCTION
Carbon fixation by terrestrial vegetation is regulated
by biotic and abiotic drivers, the latter including cli-
matic (that is, meteorological or environmental) vari-
ables. Climatic drivers regulate C fluxes at local to
regional spatial scales and over temporal scales of
seconds to months (Hui and others 2003; Polley and
others 2010b). However, the flux–climate correlation
varies temporally (Hui and others 2003; Richardson
and others 2007; Wu and others 2012) and spatially
across gradients in vegetation type or disturbance re-
gime (Polley and others 2008) because of biological
variation (Richardson and others 2007; Polley and
others 2011; Shao and others 2015), including varia-
tion in the values of plant traits that affect C uptake and
loss (Ma and others 2011; Musavi and others 2015).
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Identifying the patterns of trait distribution in
communities and community-level physiological
features that are responsible for biotic regulation of
CO2 uptake–climate responses remains a priority
for modeling C dynamics. Accelerating declines in
vegetation diversity and the proliferation of exotic
plant species (Wardle and others 2011) lend ur-
gency to the challenge of identifying community-
level metrics of C cycling.
Considerable progress has been made in distin-
guishing readily measurable plant traits, such as
specific leaf area (SLA) and plant height, that are
correlated with productivity at the ecosystem scale
(Garnier and others 2004; Dı´az and others 2007;
Ma and others 2011), but challenges remain in
linking trait variation to CO2 uptake. First, some
flux–trait studies lack a climatic component, despite
the recognized link between meteorological drivers
and C fluxes. Second, attempts to link trait varia-
tion or community physiological features to fluxes
often are challenged by the temporal mismatch in
dynamics of fluxes and community attributes. C
fluxes respond to potentially rapid changes in
meteorological drivers such as temperature and
precipitation by shifting over time scales of seconds
to seasons, whereas the distribution of plant traits
in communities and community physiological at-
tributes typically change more slowly (Ma and
others 2011), over seasonal or longer time scales. A
clearer understanding of the role of trait variation
and physiological attributes in regulating CO2
fluxes thus may require that we represent fluxes by
quantities that integrate processes and their envi-
ronmental responses (Musavi and others 2015) and
align temporal scales of trait variation and flux
dynamics.
Musavi and others (2015) defined an ‘ecosys-
tem functional property’ (EFP) as including the
responses of physiological processes, such as CO2
uptake, to environmental drivers. We consider
the slope of the response of ecosystem gross
primary productivity (GPP) to climatic variation
as an EFP that varies over temporal scales com-
parable to those over which the plant traits that
affect ecosystem-level photosynthesis vary. Plant
traits are measurable features at the individual
organ or organism level (Violle and others 2007).
Following Mouillot and others (2011), we use
the term ‘community functional structure (CFS)’
to describe the composition, diversity, and dis-
tribution of functional traits in plant communi-
ties.
Our overall goal was to identify CFS or com-
munity-level physiological features that statisti-
cally explain an EFP, the response of gross
primary productivity (GPP) to climatic variation
over seasonal to interannual temporal scales. We
sampled GPP and plant traits in multispecies
communities planted to all native or all exotic
perennial species in the Maintenance of Exotic
versus Native Diversity (MEND) experiment
(Wilsey and others 2009, 2011). GPP was mea-
sured during growing seasons 5–7 following
planting, after plot composition had stabilized
(Wilsey and others 2011).
We had two specific goals. The first was to
identify primary climatic drivers of GPP and the
temporal scale of driver variation that was most
highly correlated with GPP dynamics. Grassland
C fluxes and production usually are regulated by
temperature and precipitation, but changes in
functioning can lag changes in drivers (Craine
and others 2012; Wang and others 2003; Polley
and others 2010a). Our second goal was to
determine whether among-plot variation in GPP–
climate relationships could be explained by vari-
ation in either the CFS of plant traits presumed to
influence GPP or a community-level index of
photosynthetic light-use efficiency, maximum
GPP (or gross ecosystem exchange) normalized
for light interception (GEE*; Kergoat and others
2008).
We tested the following predictions: (1) Tempo-
ral dynamics in community GPP would correlate
more strongly with recent (lag < 1 month) than
former (lag > 1 month) values of temperature,
light, and evaporative demand. Lag effects were
predicted to be minimal because photosynthesis
rates respond almost immediately to changes in
temperature, light, and evaporative demand. (2)
The lag in GPP response to precipitation would
exceed that in GPP response to temperature, light,
and evaporative demand because of the prolonged
period following which significant change in soil
water content can influence the processes (for
example, biogeochemical cycling, structural and
compositional change in canopies and communi-
ties) that regulate canopy photosynthesis (for
example, Sala and others 2012). (3) Slopes of GPP–
climate relationships would correlate positively
with either GEE* or abundance-weighted or vari-
ance-based metrics of plant traits. An increase in
Rn should increase C uptake more in communities
with high than low light-use efficiency (LUE),
leading to a positive relationship between slopes of
GPP–Rn relationships and GEE*. Similarly, varia-
tion in SLA has been shown to link positively with
productivity or photosynthesis at the ecosystem
scale (Garnier and others 2004; Dı´az and others
2007; Ma and others 2011).
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METHODS
Field Plots
We sampled plots included in the Maintenance of
Exotic vs. Native Diversity (MEND) experiment
located in central Texas, USA (Wilsey and others
2009, 2011, 2014). MEND is a two-way factorial
experiment [Origin (Native/Exotic) x Irrigation
(irrigated during summer/not irrigated)] applied
using a randomized block design. Equal-sized
seedlings of perennial species were transplanted
into 1 9 1 m field plots (72 individuals/m2) in two
blocks, one planted in October 2007 and the other
planted in March 2008. The species composition of
plots was determined by random draw from a pool
of 18 native or 18 exotic species with the condition
that the relative abundances of functional groups of
species (C4 grasses, C3 grasses, legumes, nonlegu-
minous C3 forbs) remain constant across plots. For
each random selection of 9 native species, we
populated one native and one exotic mixture
(=draw), the latter by selecting the exotic species
that were most closely phylogenetically related to
selected natives. Four draws were included in each
of the two blocks. Each draw was replicated within
each treatment (origin, irrigation) for a total of
32 mixture plots per block (4 draws 9 2 origin
treatments 9 2 irrigation treatments 9 2 repli-
cates). Irrigation was applied by hand during the
typically dry period of mid-July to mid-August
each year at a rate of 128 mm per month. Irrigation
was applied as 8 events per year of 16 mm each
beginning in 2008. Volunteer plants were removed
by hand. No fertilizer was added. Annual precipi-
tation was 96 and 122% of the 100-year mean
(876 mm) in 2012/2014 and 2013, respectively.
Sampling for GPP and NDVI
GPP was estimated from measurements of NDVI for
plots planted as 9-species communities. The spec-
tral signature of reflected radiation was measured
over each plot (2012–2014) using an ASD Fieldspec
3 spectroradiometer with a spectral range of 350–
2500 nm and spectral resolution of 3 nm at
700 nm (ASD Inc., Boulder, CO, USA). We mea-
sured reflectance from directly above each plot
(1.71 m height) at each of five equally spaced
positions along the plot diagonal, providing a spa-
tial resolution of 0.3 m per measurement (10
FOV). Reflectance was measured on cloudless days
within 2 h of solar noon. Measurements were ref-
erenced to a barium sulfate panel at c. 15 min
intervals. Reflectance was measured at c. monthly
intervals in 2012 and biweekly intervals in 2013
and 2014. We averaged the 5 measurements per
plot from each day to calculate NDVI:
NDVI ¼ NIR VIS
NIRþ VIS ; ð1Þ
where NIR and VIS are reflectance in the near in-
frared (730–900 nm) and visible spectral ranges
(550–680 nm), respectively.
During May, July, and September 2013 and
March 2014, we measured both NDVI and rates of
CO2 exchange of selected communities. Our goal
was to develop a relationship between NDVI and
GPP as calculated from CO2 fluxes. Rates of net
ecosystem exchange (NEE) were determined by
measuring the rate of CO2 depletion in a 0.752-m
3
chamber (90 9 91.5 9 91.5 cm) following place-
ment on plots. The chamber is constructed of clear
acrylic (OPTIX Plaskolite, Inc., Columbus, Ohio)
with 92% visible light transmittance. The bottom of
the chamber was framed with 3.8 cm 9 3.8 cm
aluminum angle faced with closed cell rubber
stripping, which mated with a 5 cm 9 5 cm angle
iron frame pressed into the soil at least 24 h before
measurements.
CO2 and H2O vapor concentrations in the
chamber were measured with an open-path infra-
red gas analyzer (IRGA; LI-7500A LI-COR Bio-
sciences, Lincoln, NE, USA). The IRGA was
calibrated for CO2 using a 350 ppm CO2 certified
standard gas, and for H2O vapor with a dewpoint
generator. The chamber contained a quantum
sensor (LI-190, LI-COR, Lincoln, Nebraska) to
measure the flux of photosynthetically active
radiation (PAR), a shielded and aspirated air tem-
perature/relative humidity sensor (LI-COR 1400-
104), and eight 120-mm-diameter circulating fans.
NEE was measured under mostly clear skies by
placing the chamber on the frame, allowing the
chamber air to mix (10–30 s), then recording CO2
change at 1 s intervals for 60–90 s. The chamber
was then darkened with a reflective insulation
cover (Reflectix, Markleville, IN, USA), and
ecosystem respiration (Re) was measured over the
following 60 s. NEE and Re were calculated as per
Jasoni and others (2005). Instantaneous ecosystem
GPP (lmol CO2 m
-2 s-1) was calculated by sub-
tracting Re from NEE. Positive values denote fluxes
toward the surface. Spectral reflectance was mea-
sured shortly after NEE was measured.
Plant Traits, Functional Diversity, and
Community Light-Use Efficiency
Aboveground biomass per species in each mixture
plot was measured nondestructively in June and
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October of each year (2012–2014) using a point
intercept technique (Wilsey and others 2011).
Regression relationships between the number of
intercepts per species and species biomass were
used to calculate aboveground biomass per spe-
cies.
Maximum plant height and the area and fresh
and dry mass of selected leaves were measured in
June 2014 on plants grown in monocultures using
methods suggested by Cornelissen and others
(2003). Leaf C and N contents were measured with
a C:N analyzer (Elementar vario Max CN, Ele-
mentar, Mt. Laurel, NJ, USA or Fisons NA 1500
NCS, Thermo Fisher Scientific, Waltham, MA,
USA). We calculated the following traits: (1) SLA,
the ratio of leaf area to leaf dry mass; (2) leaf dry
matter content (LDMC), the dry mass of a leaf di-
vided by its saturated fresh weight; and (3) leaf C
and N concentrations, expressed both per unit of
leaf mass and leaf area.
CFS for each community was quantified using
two metrics: First, we calculated a community-
weighted mean (CWM) for each trait by weighing
the trait values of each species by the relative
abundance of the species in the community (Grime
1998; Garnier and others 2004). This abundance-
weighted index is interpreted as the trait value
expected from a random sample of the community
(Dı´az and Cabido 2001) and is considered the
functional identity of the community (Mouillot and
others 2011). We also calculated community-
weighted means of selected traits by weighing the
trait value of each member species, xi, by the rela-
tive height (Hti; 0–1) of the species in the com-
munity using the Lambert–Beer law of extinction
(Musavi and others 2015):
CWMstrata ¼
X
xi  pix ekð1HtiÞ
 
; ð2Þ
where pi is the relative abundance of species i and k
is the light extinction coefficient, here assumed to
be 0.5. This ‘canopy strata weighting’ (CWMstrata) is
based on the assumption that CO2 uptake is
greatest among leaves located nearest the top of the
canopy where light interception is greatest.
Aggregate indices were calculated using averages of
aboveground biomass measured in June of 2012–
2014 for each plot type (=block 9 origin 9 irriga-
tion 9 draw; hereafter, plot). Second, we calcu-
lated the functional divergence of trait values
within each community (Mouillot and others
2011) using the functional divergence index (FDvar;
Mason and others 2005). FDvar was calculated for
each trait considered by weighing the variance in
the trait value of each member species (xi) by the
abundance of each species in the community:
FDvar ¼ 2=p arctanð5VÞandV ¼
X
piðln xi  ln xÞ2;
ð3Þ
where ln x is the abundance-weighted mean of the
ln of species trait values. FDvar quantifies the extent
of trait overlap among species in a community.
FDvar values range between 0 and 1.
GEE* was calculated for each year and treatment
by normalizing the maximum value of GPP
(GPPmax) by an estimate of the fraction of incident
PAR that was absorbed by the canopy (fPARa) rel-
ative to absorption assumed for a closed canopy
(fPARc = 0.95):
GEE ¼ GPPmax  fPARc=fPARa: ð4Þ
The value of fPARa for each treatment was cal-
culated as
fPARa ¼ 0:95 ð1 eðk LAIÞÞ; ð5Þ
where k is the radiation extinction coefficient, as-
sumed to be 0.5, and 0.95 is the proportion of inter-
cepted PAR that is absorbed by plants (Polley and
others 2011). Leaf area index (LAI) was estimated
using a linear regression fit to the relationship be-
tween LAI and the enhanced vegetation index (EVI):
EVI ¼ 2:5  ððNIR  RedÞ=ðNIR þ ð6 RedÞ
 ð7:5  BlueÞ þ 1ÞÞ; ð6Þ
where NIR, Red, and Blue are reflectance in the near
infrared (841–876 nm), red (620–670 nm), and blue
(459–479 nm) spectral ranges, respectively. LAI was
positively correlated with EVI for MEND plots (LAI =
-1.01 + 6.74 x EVI; adj. r2 = 0.68, P < 0.0001).
Climatic Variables and GPP–Climate
Relationships
We summed precipitation (ppt) and calculated
means of other climatic variables, including air
temperature (AT), vapor pressure deficit of air
(vpd), net radiation (Rn), and precipitation deficit
(deficit; evaporative demand not met by precipita-
tion), over particular time intervals in order to
investigate potential lag effects of climatic variables
on GPP. Climatic data were derived from a weather
station operated by the Grassland, Soil & Water
Research Laboratory (USDA/ARS) and located
approximately 1.5 km away from the field site.
Climatic means or sums were calculated over the
90-day period preceding each NDVI measurement.
Climatic values were calculated for all possible time
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intervals with a minimum duration of 15 days,
maximum duration of 90 days, and lag periods of 0,
15, 30, 45, 60, and 75 days (Table 1; n = 21 peri-
ods). We chose a maximum 75-day lag period for
ecosystem response to climate trends as inclusive of
most response lags to temperature and precipitation
that have been reported (Wang and others 2003; Li
and Guo 2012; Wu and others 2015). The time
interval for which the sum or mean of each climatic
variable best predicted GPP was identified using
data pooled from all plots and all 3 years of mea-
surements. GPP also was regressed against precipi-
tation summed over the preceding 7- to 12-month
period (for example, days 1–210 and 1–360 prior)
because previous year precipitation can affect cur-
rent year productivity (Sala and others 2012).
Multiple linear regression analysis was used to
determine relationships between GPP and climatic
variables. In developing regression models, we used
values of each climatic variable from the lag period
for which the Pearson correlation coefficient (r) of
the bivariate GPP–climate regression was greatest
(Table 2). Trends in three climatic variables, Rn,
vpd, and AT, were highly correlated. To better
evaluate the independent contributions of Rn, vpd,
and AT to GPP, we retained the GPP–Rn regression,
replaced vpd with the residuals from a linear
regression of vpd on Rn, and replaced AT with the
residuals from a linear regression of AT on Rn and
the vpd residuals (Graham 2003). We assigned Rn
priority over the shared contributions of these
variables to GPP change because of evidence that
‘light’ availability assumes primacy over tempera-
ture as a regulator of GPP (Huryn and others 2014).
Akaike’s Information Criteria (AIC) and Schwarz
Bayesian Criteria (SBC) were used to select the
multiple regression model that ‘best’ predicted GPP
from among the set of all possible models. Models
of greater complexity were chosen when inclusion
of an additional model parameter reduced AIC by
more than 2 (Burnham and Anderson 2002).
Plots differed in GPP–climate responses partly
because they differed in GEE* or in the CFS of
traits that regulate CO2 uptake, here termed the
biotic effect. Climatic variables retained in multi-
ple regression models with GPP when data from all
years and plots were considered were entered into
a separate-slopes model (for example, Hui and
others 2003). A biotic effect was detected when
the slope of one or more of the GPP–climate
relationships differed significantly among plots
(n = 32). Bivariate regression was used to deter-
mine contributions of GEE* and the CWM or FDvar
of traits to variation in GPP–climate slopes.
Structural equation modeling (SEM) was used to
assess direct and indirect effects of CFS on slopes of
GPP–climate relationships. The SEM model was fit
using IBM SPSS AMOS 21 software. The hypoth-
esized relationship among variables in a SEM is
considered to be consistent with data when the
probability level of the v2 statistic is greater than a
significance level of P = 0.05 (Shipley 2000).
RESULTS
Temporal Trends in GPP
Instantaneous rates of GPP were strongly correlated
with simultaneously measured values of NDVI [GPP
(lmol CO2 m
-2 s-1) = 1.099 9 e(-5.244 9 NDVI); adj.
r2 = 0.82, P < 0.0001, n = 115; not shown]. The
EVI explained a lesser fraction of variance in GPP
than did NDVI (adj. r2 = 0.73).
NDVI-derived estimates of GPP varied substan-
tially both within and among years and plots, the
Table 1. The Duration and Time Intervals in Days
Preceding Each Estimate of GPP Over which AT,
vpd, Rn, Deficit, and Related Metrics were Aver-
aged and Precipitation was Summed
Duration (d) Time interval (d)
15 1–15 16–30 31–45 46–60 61–75 76–90
30 1–30 16–45 31–60 46–75 61–90 –
45 1–45 16–60 31–75 46–90 – –
60 1–60 16–75 31–90 – – –
75 1–75 16–90 – – – –
90 1–90 – – – – –
See Table 2 for a listing of climate variable abbreviations.
Table 2. Climatic Variables that were Correlated
with Variation in Gross Primary Productivity of
Grassland Plots Over 3 Years and the Time Interval
Prior to Flux Estimates Over which the Correlation
of Each Environmental Variable with GPP was
Greatest
Variable Symbol Time
interval
(days)
Air temperature AT 1–15
Long-term precipitation ppt210 1–210
Net radiation Rn 16–30
Precipitation ppt 16–30
Precipitation deficit Deficit (=PET-ppt) 16–30
Vapor pressure deficit vpd 1–15
PET potential evapotranspiration.
Precipitation was summed and other variables were averaged over each time
interval.
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latter evident in large differences between maxi-
mum and minimum values of GPP on a given date
(Figure 1). GPP followed a bimodal seasonal trend
with a large peak in June and smaller peak in late
October each year. The bimodal trend was best
expressed in years 2012 and 2014 when GPP in-
creased in autumn by approximately 50–75% from
minimum values measured during late summer
(mid-August through mid-September). Interan-
nual and among-plot variation in GPP also were
substantial. Maximum GPP in 2012 was approxi-
mately 60–75% of the maximum measured in 2013
and 2014, respectively. Maximum values of GPP
were a factor of 3 greater than minimum values
during peak C uptake each year.
GPP–Climate Relationships
A 5-parameter multiple regression model with cli-
matic variables (Table 2) explained 48% of the
variance (adj. r2) in plot GPP (Table 3, P < 0.001,
n = 1152; Figure 1). GPP was positively correlated
with Rn (16–30 d) and negatively correlated with
variance in AT not explained by Rn (AT residuals;
1–15 d), ppt and deficit (16–30d), and ppt210.
Each of the five climatic variables included in the
multiple regression analysis was retained in a
model in which slopes of GPP–environment rela-
tionships were allowed to vary among plots. Slopes
of regression relationships between GPP and three
climatic variables (Rn, deficit, ppt210) differed
significantly among plots, indicating that variability
in GPP was explained partly by factors associated
with plot differences in species composition or rel-
ative abundances (Table 3). This biotic effect ex-
plained 11% of variance in GPP and increased the
adj. r2 of the multiple regression model from 0.48
to 0.59.
Links between the Biotic Effect and
Vegetation Properties
Slopes of GPP–deficit regressions were negatively
correlated to a community-weighted index of SLA
(Figure 2) and the 3-year average of GPPmax (adj.
r2 = 0.31, P = 0.0006, n = 32) but were positively
correlated to weighted N content per unit of leaf
area (specific leaf N, SLN; g N m-2) [adj. r2 = 0.29,
P = 0.0009]. Weighted SLA values were smaller
(Figure 2), whereas SLN values were greater on
average in native than exotic communities (not
shown). Structural equation modeling revealed
that variation in GPP–deficit slopes was regulated
G
PP
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Figure 1. Gross primary productivity (GPP) as derived
from NDVI measurements for grassland plots. Solid line
indicates temporal trends in mean values of GPP
(n = 32). Dashed line indicates trends in GPP as calculated
from a multiple regression model fit to climatic variables.
Dotted lines indicate maximum and minimum values of
GPP for each sampling date.
Table 3. An Analysis of Variance for a Separate-Slopes Regression Model of Temporal Trends in Gross
Primary Productivity (GPP; lmol CO2 m
-2 s-1) Over 3 Years for Plots of Perennial Grassland Species (n = 32)
Variable Coefficient Df Type 1 SS F P
Rn (kJ m-2 d-1) 2.157 9 10-3 1 52,633 651.9 <0.0001
deficit (mm d-1) -6.794 1 21,413 265.2 <0.0001
ppt210 (mm) -3.68 9 10-2 1 16,323 202.2 <0.0001
AT residuals (C) -1.743 1 6831 84.6 <0.0001
ppt (mm) -0.381 1 4300 53.3 <0.0001
Rn 9 plot – 31 14,095 5.6 <0.0001
ppt210 9 plot – 31 4781 1.9 0.002
deficit 9 plot – 31 4318 1.7 0.009
Error – 1053 85,019 – –
Total – 1151 209,713 – –
Also listed is the regression coefficient for each variable. See Table 2 for a listing of variable abbreviations.
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by weighted SLA via both a direct pathway (stan-
dardized path coefficient, pSLA = -0.34) and indi-
rect pathways through weighted SLN (standardized
path coefficient, pSLA_SLN = 0.16) and GPPmax
(standardized path coefficient, pSLA_GPPmas = -0.17)
[supplemental Figure 1]. Greater SLA increased the
amount by which a given rise in deficit reduced GPP
partly by increasing GPPmax and reducing SLN.
By contrast, we found no link between the GPP
response to Rn or precipitation and either the
CWM or FDvar of plant traits. Rather, GPP–Rn and
GPP–ppt210 slopes varied as function of GEE*
(Figure 3). GPP increased more per unit of increase
in Rn in communities with high than low GEE*.
On the other hand, slopes of regressions between
GPP and ppt210 were more negative among com-
munities with high than low values of GEE*. GPP–
Rn and GPP–ppt210 slopes were similar among
exotic and native communities.
DISCUSSION
Climatic variables explained about 50% of the
variance in temporal trends in grassland GPP de-
spite large variation in CO2 uptake among seasons,
years, and plots of differing species composition.
GPP was highly correlated with contemporary
changes in Rn and precipitation deficit, consistent
with our prediction that photosynthetic rates
would respond rapidly to changes in these climatic
variables. Unexpectedly, however, GPP was nega-
tively correlated with precipitation summed over
210 days prior to flux measurements. Plots differed
in two EFPs, the slopes of GPP–Rn and GPP–water
(precipitation, deficit) regressions. Consistent with
our prediction, EFPs varied among plots because of
variation in either GEE* or an abundance-weighted
metric of SLA. Plot differences in GPP–Rn and GPP–
precipitation slopes were linked to differences in
GEE*, a proxy for LUE. Plot differences in GPP–
deficit slopes were negatively correlated to weigh-
ted SLA. GEE* and weighted SLA represent vege-
tation properties that contributed to biotic
regulation of grassland GPP.
GPP of the grassland communities we studied
was correlated with contemporary changes in both
Rn and deficit. The GPP–Rn relationship was posi-
tive, as anticipated if PAR is a positive function of
Rn as observed for a grassland ecosystem (Polley
and others 2010a). Conversely, the GPP–deficit
relationship was negative, likely a reflection of
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gross primary productivity (GPP) and both net radiation
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photosynthetic sensitivity to excessive evaporative
demand. Net CO2 exchange was regulated by pre-
cipitation and deficit for desert sites, but by Rn and
AT for Great Plains grasslands (Polley and others
2010a).
GPP responded more to cumulative (7 months)
than contemporary precipitation and declined ra-
ther than rose as precipitation increased. Flux and
remote sensing studies of grassland/rangeland
ecosystems generally report a positive correlation
between precipitation and both CO2 uptake and
surrogates for uptake (NDVI, EVI) [Wang and
others 2003; Li and Guo 2012; Moran and others
2014; Wagle and others 2015], with the strength of
CO2 uptake–precipitation relationships dependent
on the time period over which precipitation is
considered. GPP or production responses to pre-
cipitation have been shown to lag water input or
depend more on cumulative precipitation over a
given time period than on contemporary water
input (for example, Sala and others 2012). NDVI–
precipitation correlations for Great Plains grassland
were positive and strongest when calculated using
precipitation received during the 4–8 weeks prior
to NDVI measurement, for example (Wang and
others 2003). Lags in photosynthetic responses to
precipitation result from slowly manifest changes
in canopy development and physiology (Sala and
others 2012). The cumulative total of antecedent
precipitation may be an especially strong regulator
of GPP following periods during which the pool of
available soil water has been depleted. Annual
precipitation was greater than or equal to the long-
term mean for the site during the 3 years of mea-
surements but was only 41% of the mean for the
site during 2011, the year prior to measurements.
Depletion of soil water during the 2011 drought
may have contributed to the link between cumu-
lative precipitation and GPP that we observed in
subsequent years.
Per unit of increase in Rn, GPP increased more
when GEE* was high than low. One common for-
mulation of the LUE model of canopy photosyn-
thesis equates GPP to the product of incident PAR,
which is positively correlated to Rn at a given site,
fPARa, and C uptake per unit of absorbed PAR
(Gamon 2015). According to this model, the GPP of
communities exposed to the same PAR should in-
crease as GEE* or LUE increases provided that
fPARa is similar among communities. Of the two
variables in the calculation of GEE* that differed
among communities (Eq. 4; GPPmax, fPARa), fPARa
varied the least. The fPARa varied by a maximum of
30% (from 0.59 to 0.77) among plots, whereas
GPPmax varied by almost a factor of 2 among plots
(from 30.9 to 59.3 lmol CO2 m
-2 s-1). The GPP–
Rn response scaled positively with GEE* because
communities absorbed a similar fraction of light.
GPP decreased as ppt210 increased, particularly
in communities with high GEE*. High GPP should
increase litter input and, over several years, litter
accumulation. Enhanced litter accumulation could,
in turn, suppress the sensitivity of C uptake to
precipitation. As GEE* was positively correlated to
GPP, enhanced litter accumulation could lead to
more negative GPP–ppt210 slopes in communities
with high than low GEE*.
GPP declined more per unit of increase in pre-
cipitation deficit in communities with canopies of
relatively thin than thick leaves (high than low
SLA). High values of SLA often are associated with
rapid growth of plants and plant communities
(Reich and others 1997; Garnier and others 2004),
as they were with GPPmax in our data. The greater
is the growth, the greater, likely, will be the abso-
lute decline in C uptake when evaporative demand
exceeds water availability or soil water availability
declines (Pfisterer and Schmid 2002; Maseda and
Ferna´ndez 2015).
Temporal trends in GPP were correlated with
temporal trends in climate in grassland plots that
differed in species composition. The imprint of
species composition on CO2 uptake was evident in
plot differences in the GPP response to Rn and
water variables, which in turn were linked to
stand-level differences in GEE* and weighted SLA.
Interestingly plot differences in slopes of GPP–Rn
and GPP–deficit/precipitation regressions were
correlated (adj. r2 = 0.33–0.95), implying that
compositional effects on GPP–climate responses
were regulated by a comparably small set of inter-
related plant traits. We posit that GEE* and com-
munity-weighted SLA represent vegetation
functional properties (Musavi and others 2015)
that can be measured in situ or, potentially, via
remote sensing to improve our capacity to predict
biotic effects on CO2 uptake by grassland ecosys-
tems.
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